probability map was produced that was useful for hazard assessment and decision support.
Introduction
Numerous soil surveys have been carried out for Pb and for other metals at a national scale (e.g. McGrath and Loveland, 1992; Holmgren et al., 1993; Bak et al., 1997) and also in urban and industrial areas (e.g., Davies, 1983; Cullbard et al., 1988; Pouyat and McDonnell, 1991) . These surveys have served to quantify levels in different situations and have produced an understanding of background and anthropogenic sources for metals in soils (Zhang et al., 1999; Vreca et al., 2001) . At and near historic mining sites, particularly high concentrations of Pb in soils may cause especially serious environmental pollution problems (Davies, 1983) extending even to death in animals (Wardrope and Graham, 1982) . For affected areas it is essential to gain an understanding of the size of the affected area, level of soil Pb concentration and of its spatial distribution within the area (Markus and McBratney, 2001 ). In addition the likely future impact of Pb on animals under recommended management conditions at local and, even farm, level (TEAGASC, 2001) needs to be ascertained.
Geostatistics provides an advanced methodology which facilitates quantification of the spatial features of soil parameters and enables spatial interpolation (Burgess and Webster, 1980; Webster, 1994; Dobermann et al., 1997; Stein et al., 1997; Zhang et al., 2000; Carlon et al., 2001 ). In addition, geostatistics (Markus and McBratney, 1996; Goovaerts, 1999 Goovaerts, , 2001 ) and GIS (Korre et al., 2002) have become useful tools for the study of spatial uncertainty and hazard assessment.
Between 1999 and mid 2002 there have been at least five recorded incidents of Pb poisoning, each of which has resulted in the death of one or two bovines, on farms in the Silvermines area, County Tipperary, Ireland. Following the first incident, an inter-agency group, comprising several organizations, was established and given the task of overseeing a major investigation into the presence and influence of Pb in the area (Department of Agriculture, Food and Rural Development, 2000) . As part of this investigation, the Irish Agriculture and Food Development Authority (TEAGASC) had responsibility for the investigation into soils, herbages, fodder and water.
In this study, the soil data sets, especially Pb data, collected during the investigation was analysed using statistics, geostatistics, and GIS techniques, in order to reveal the spatial distribution patterns and provide a basis for hazard assessment.
Methods

Sampling
An extensive investigation of soil was conducted in September/October, 1999 in the Silvermines area. Lead and other metals including zinc and silver had been mined there for more than 1000 years. The sampling area extended 6.8 km in the E-W direction and 4.8 km in the N-S direction. A total of 223 soil samples, including 5 samples from Gortmore Tailings Management Facility (TMF) area, were collected on a grid system at intervals of 400 m (Fig. 1) . At locations that were difficult to access, samples were not taken.
Each sample consisted of 25 soil cores (0-10 cm depth, ca 200g total weight), taken from within a 20Â20 m area with the central point giving the defined position for the sample. All the samples were air-dried at room temperature and sieved to pass a 2 mm mesh. Analyses were performed for Pb, Zn, Cu, Cd and As and for loss on ignition (LOI) and pH. Heavy metals were estimated following digestion of soil with aqua regia, using appropriate atomic absorption spectrometric techniques.
Geostatistical methods and data transformation
Geostatistics is based on the theory of a regionalized variable (Matheron, 1963) , which is distributed in space (with spatial coordinates) and shows spatial autocorrelation such that samples close together in space are more alike than those that are further apart. Geostatistics uses the technique of variogram (or semi-variogram) to measure the spatial variability of a regionalized variable, and provides the input parameters for the spatial interpolation of kriging (Krige, 1951; Webster and Oliver, 2001) . It relates the semi-variance, half the expected squared difference between paired data values Z(x) and Z(x+h), to the lag distance h, by which locations are separated:
For discrete sampling sites, such as soil samples, the function is estimated as:
where Z(x i ) is the value of the variable Z at location of x i , and N(h) is the number of pairs of sample points separated by the lag distance h. For irregular sampling, it is rare for the distance between the sample pairs to be exactly equal to h, therefore, the lag distance h is often represented by a distance band.
A variogram plot can be acquired by calculating variogram at different lags. Then, the variogram plot is fitted with a theoretical model, such as spherical, exponential, or Gaussian models. The fitted model provides information about the spatial structure as well as the input parameters for kriging interpolation. Kriging (Krige, 1951 ) is regarded as the best linear unbiased estimator (BLUE), which is a process of a theoretical weighted moving average:
where Ẑ x 0 ð Þ is the value to be estimated at the location of x 0 , Z(x i ) is the known value at the sampling site x i . Altogether there are n sites used for the estimation, and the number n is selected based on the size of the moving window and user definition. Contrary to other methods (such as inverse distance weighted), the weighting function l i is no longer arbitrary, and it is calculated based on the parameters of the variogram model. To ensure that the estimate is unbiased, the weights need to sum to one:
and the estimation errors (or kriging variances) need to be minimised. As in conventional statistics, a normal distribution for the variable under study is desirable in linear geostatistics (Clark and Harper, 2000) . Even though normality may not be strictly required, serious violation of normality, such as too high skewness and outliers, can impair the variogram structure and the kriging results. It is often observed that environmental variables are lognormal (Krige, 1951 (Krige, , 1960 Sichel, 1952; Miesch and Riley, 1961) or positively skewed (Zhang et al., 1995; , and data transformation is necessary to normalise such data sets. Outliers in a data set can make the variogram exhibit erratic behaviour, whereas data transformation can dampen the difference between extreme values (Gringarten and Deutsch, 2001) .
Logarithmic transformation is widely applied in order to normalise positively skewed data sets. However, it is observed that data sets in environmental sciences do not always follow the lognormal distribution (Zhang and Zhang, 1996; . In such cases, a power transformation is needed, and Box-Cox transformation is one of the most frequently used of these (Box and Cox, 1962; Jobson, 1991; Zhang and Zhang, 1996; .
The Box-Cox transformation is given by:
where y is the transformed value, and x is the value to be transformed. For a given data set (x 1 , x 2 , . . ., x n ), the parameter l is estimated based on the assumption that the transformed values (y 1 , y 2 , . . ., y n ) are normally distributed. When l=0, the transformation becomes the logarithmic transformation.
Data treatment with computer software
Raw data were analysed with different software packages. The descriptive statistical parameters were calculated with Microsoft EXCEL 1 and SPSS 1 (version 10.0). The probability analyses were carried out with SPSS 1 and Minitab 1 (release 13). Maps were produced with GIS software ArcView 1 (version 3.2) and its extension of Spatial Analyst 1 (version 2). The geostatistical analyses were carried out with GS +1 (version 5.3), and the probability calculation was performed with Idrisi 32 1 (release 2).
Results and discussions
Descriptive parameters and probability distribution of the raw data set
To evaluate the raw data set, the representative percentiles were calculated (Table 1) . For the following statistical and geostatistical analysis, the five samples from Gortmore TMF were excluded as this land is not used for agriculture. The concentrations of the five heavy metals extend over several orders of magnitudes. For the element Pb, the minimum, median, and maximum values are 25.1, 154.1, and 14842.1 mg/kg respectively. The maximum, 95, 98 and 99% percentiles of all the heavy metals are much higher than the upper quartiles (75%), revealing their skewed distributions.
To illustrate the spatial distribution features, a symbol map for Pb concentrations is shown in Fig. 2 . Clear spatial patterns can be identified, showing high concentrations in the central part, and low concentrations in the northwest and southeast corners of the study area. The histogram has exhibited a strongly positive skewness (Fig. 3) . Furthermore, possible outliers can also be identified. The strongly skewed distribution and outliers can cause problems leading to biased conclusions in statistical and geostatistical analyses.
The cumulative distribution of Pb is shown in Fig. 4 . In this figure, the horizontal axis is in the logarithmic scale. The straight line is the expected lognormal distribution, and the two curves beside the straight line show the 95% confidence band of the lognormal distribution. This figure confirms that Pb in the study area does not follow the lognormal distribution.
Data transformation
Since the probability distributions of the raw data sets are heavily skewed, it is necessary to carry out data transformation prior to further statistical and geostatistical analyses. The parameters of skewness, kurtosis, and the significance level of Kolmogorov-Smirnov test for normality (K-S p) are shown in Table 2 .
All the raw data of the heavy metals are strongly positively skewed, with skewnesses much higher than 0, implying that there are some extremely high values in the data sets. The kurtoses are also very sharp, caused by the fact that the majority of samples are clustered at relatively low values. Other variables of P, K, and LOI are also positively skewed, but K passes the Kolmogorov-Smirnov normality test (K-S p> 0.05). The pH is quite different with very small skewness and kurtosis, and it also passes the normality test. This is presumably because pH is already a logarithmically transformed H + concentration. Logarithmic transformation resulted in smaller skewnesses and kurtoses of most variables (except pH). Three variables, As, Cd, and P, which did not pass the normality test, passed the lognormal test. However, Pb, Cu, Zn, and LOI still did not follow a lognormal distribution. It was found that the Box-Cox transformation conferred normality on the data more effectively than did logarithmic transformation. Except for LOI, the BoxCox transformed data sets of all the other variables passed the normal distribution test at the significance level of 0.05. This is illustrated for Pb in Fig. 5 .
Because almost all the Box-Cox transformed data sets follow the normal distribution, they are used for the following statistical and geostatistical analyses.
Relationships between Pb and other parameters
The Pearson correlation coefficients between all the Box-Cox transformed variables (except pH) were calculated, and the results are shown in Table 3 .
Strong positive correlations are observed between all the five heavy metals at a significance level lower than 0.01. Relatively weak correlations are shown between the heavy metals and P, K, and LOI. The only exceptions are between the pairs of P and As, K and Cd, LOI and Zn. The pH shows positive correlations with Cd and Zn, but poor correlations with Pb, As, and Cu. The elements Cd and Zn are more mobile under acid conditions than are the other heavy metals and thus a greater proportion of these metals would have been leached over time from the more acidic soils of the area. To better quantify the relationships among the variables under study, principal component analysis (PCA) was applied, and the first three principal components (PCs) were chosen based on the eigenvalues being greater than 1. Table 4 shows the PC loadings of the first three PCs after rotation for the maximum variance. The total variance explained by the first three PCs was 72.6%.
The first PC (PC1) consists of all the five heavy metals predominant in mineralisation in the area, and the second PC includes the negative relationship between pH and LOI. Some hill land soils on the lower slopes of the Silvermines mountain soils are essentially peaty (of high LOI) with pH values of 3.5-4.5 which accounts for the strong negative correlation between pH and LOI (Tables 3 and 4) . Cadmium and Zn also contribute some proportions to the second PC, showing their good relationships with pH value. On the other hand, P and K contribute mainly to the third PC, and reflect the extent to which fertiliser has been applied. Thus, in Table 4 , the relationships between all the nine variables are clearly revealed.
Spatial structure of Pb in soils
The spatial structure of Pb is revealed by the variogram surface shown in Fig. 6 . The grey pattern forms a shape of an elliptic rose flower, and the best correlations are observed in NE-SW direction, shown with a straight line with an angle of 50 clockwise from the north, and relatively poor correlations in E-W and NW-SE directions.
The isotropic variogram of Pb (Fig. 7) exhibits a very good structure, which can be well fitted with a spherical model. The nugget effect is very small (C 0 =0.006), showing that the sampling density is adequate to reveal the spatial structures. Furthermore, the range of 3400 m implies that the length of the spatial autocorrelation is much longer than the sampling interval of 400 m. Therefore, the current sampling design is appropriate for this study and it is expected that a good spatial structure will be shown on the interpolated map.
Since the anisotropic feature was clearly identified in the variogram surface (Fig. 6) , the directional variograms were computed. The elliptic shape of the variogram feature can be modelled with an spherical model with the long range a 1 of 8200 m in the NE-SW direction (50 from the north clockwise) and the short range a 2 of 4300 m in the NW-SE direction (140 ) (Fig. 8) . In this figure, the upper curve is the fitted variogram in the 140 direction, and the lower curve is the fitted variogram in the 50 direction. Since the variogram surface is not a perfect elliptical shape, it is relatively hard to fit the anisotropic model satisfactorily, but more attention has been paid to the first several lags, as they play a more important role in kriging estimation.
When the lag distance increases above 1000 m, the anisotropic feature becomes increasingly more obvious. Therefore, the parameters of the anisotropic variogram are used for the following kriging analyses.
Spatial distribution maps and hazard assessment of Pb poisoning
For the purpose of hazard assessment, the 5 samples within the Gortmore TMF area which were not used for modelling were returned in the data set, and then kriging estimation was carried out with the above variogram parameters. Cross-validation was calculated to evaluate the effectiveness of the variogram model. Fig. 9 shows the scatter plot between the actual data and the estimated data.
A good linear relationship between the actual and estimated data sets is obtained. Some errors can also be observed. The cross validation has shown a minimum error of 0.00% and a maximum error of 30.90% for the data set, with the average error of 5.21%. This is regarded as quite small and acceptable.
The study area was stratified into a grid system of 680 columns (E-W direction, 6800 m long) and 480 rows (N-S direction, 4800 m long) with the cell size of 10 mÂ10 m. Ordinary point kriging was used. The method of block kriging has been widely used in soils sciences, with the estimated value calculated as the average value of a grid system of a block. This operation of average can reduce the variance values, and the variances are used in the following calculation of a probability map. Therefore, in this study, point kriging was applied. The number of observations used for calculation was set to 16. The Box-Cox transformed data set was used for the interpolation, and then the results were back transformed, with the reverse process of the Box-Cox transformation, to produce the final spatial distribution map.
For the purpose of hazard assessment, the hazard factors of Pb in soils are defined as shown in Table 5 , and the hazard assessment map based on the spatial distribution of Pb is shown in Fig. 10 .
High concentrations of Pb are located at Shallee, Gortmore TMF, Shallee Cross Road and Silvermines village, which extend in the NE-SW direction. At the corners of the NW and SE side, Pb concentrations are fairly low. This kind of spatial distribution confirms the directional features revealed by the Pb variogram. The areas of Gortmore TMF, Shallee and Silvermines village have the highest hazard factors.
Another output of kriging is the kriging variance. It is related to the variogram structure and sample distribution, and provides the confidence level of the kriging results. Each point under estimation has a value for kriging and for kriging variance. Kriging standard deviation (KSD) is the square root of the kriging variance. Assuming the kriging value follows the normal distribution, the probability of exceeding a threshold can be calculated. Some researchers argue that since ordinary kriging variances are independent of the data values, they may not be used as measure of local estimation accuracy (Deutch and Journel, 1997) . However, the authors believe that the methodology applied in this study provides a reasonably justified indicative probability map of soil exceeding the 1000 mg/kg value, as opposed to computer intensive non-linear geostatistics and simulation alternatives.
In this study, the KSD map for Pb is shown in Fig. 11 shapes of KSD values around the sampling sites are caused by the elliptic variogram structure. Based on the combination of kriging map and KSD map, the probability map of Pb > 1000 mg/kg was produced and is shown in Fig. 12 . This map was directly calculated with the Box-Cox transformed data and the transformation was also applied to the threshold. The value of 1000 mg/kg is based on an estimate (ICRCL, 1990) of the amount of Pb in soil that could produce toxic symptoms in grazing animals. It assumes a mean level of 5% soil contamination of herbage, and a maximum acceptable concentration of 50 mg/kg Pb in diet. The value for ingested soil appears realistic under Irish conditions (McGrath et al., 1982 ) but that for maximum tolerable level of Pb in herbage may appear slightly conservative. Severe instances of poisoning in cattle do not normally occur below 300 mg/kg Pb in diet (Quarterman, 1986) . This is equivalent to about 6000 mg/kg Pb in soil where soil constitutes 5% of ingested food. However because of the many confounding factors, including speciation of ingested Pb, vulnerability of young animals, the possibilities for enhanced ingestion of soil and concerns also for the health and well being of animals, a value of 1000 mg/kg for Pb in soil appears reasonable and was adopted.
Similar to classification of Fig. 10 , this map shows that the areas with high risks are located in the Gortmore TMF, Shallee, Shallee Cross Road, and Silvermines village. In this map, the probabilities provide a measurement of uncertainty or confidence for hazard assessment. Areas with low probabilities (e.g., < 5%) may be regarded as ''safe'' areas where Pb concentrations in soils are unlikely to be higher than 1000 mg/kg; On the other hand, areas with high probabilities (e.g., > 90%) may be regarded as ''dangerous'' areas where Pb concentrations in soils are very likely to be higher than 1000 mg/kg.
Conclusions
Raw data sets of Pb and other heavy metals in soils of Silvermines area are strongly positively skewed, and may contain outlying values. The application of BoxCox transformation was effective in normalising the data in addition to weakening the negative effect of outliers.
A good variogram structure of Pb is observed, revealing that there are clear spatial patterns of Pb on the distribution map and also that the current sampling density is ample to reveal such spatial patterns. The kriging interpolated map has shown areas with high values of Pb concentrations.
The probability map produced based on kriging interpolation and kriging standard deviation provides useful information for hazard assessment and decision support.
